We study the spread of exogenous demand shocks generated by book reviews featured on the Oprah Winfrey TV show and published in the New York Times through the online co-purchase recommendation network on Amazon.com 
Introduction and Research Questions
In September 2007, the book Louder than Words by Jenny McCarthy was featured on the Oprah Winfrey Show. Sales for the book spiked dramatically after this television appearance, and demand for copies increased over 200-fold on Amazon.com 2 soon after the show aired. More interestingly, the economic impact of McCarthy's appearance on Winfrey's show was not restricted just to the specific book discussed during the show. Our data from
Amazon.com also show that demand increased for books that were "recommended" on the reviewed book's page, and even for books located several recommendation clicks away. The 4 . We documented statistically significant demand increases in response to this event for a number of other books located three and even four clicks away from the reviewed book (as illustrated in Figure 1 ).
While this is not an isolated example, evaluating the impact of such exogenous shocks on an interconnected set of products has been difficult in the past. However, the transition to online commerce has led to the emergence of new website structures that enable us to study potential cross-product spillover effects. One such structure is the visible product network, in which related products sold online are explicitly linked to one another. In most electronic commerce sites, each product (e.g. a book, video, or other content item) is featured on its own designated webpage, and each product page is linked by hyperlinks to other product pages, thus creating a visible network in which the products are the nodes. Perhaps the oldest example of this type 2 Estimated demand increased from average sales of 110 copies per week to over 22,000 copies per week. We computed demand estimates using Amazon's reported SalesRank, collected from the website's XML feed, and the demand estimation methods suggested by Goolsbee and Chevalier 2003) and Brynjolfsson et al. (2003) . appearances have a positive impact on the sales of the reviewed products. For example, a review on the Oprah Winfrey Show can transform a reviewed book into a bestseller literally overnight (as shown by Balogh 2008; Illouz 2003; Rooney 2005) ); similarly, Deschatres and Sornette (2005) and Sorensen and Rasmussen (2004) have shown that book reviews published in the New York Times have a significant positive impact on the sales of the featured books.
What is less understood is whether the impact of these reviews spreads.
We pose three research questions. First, do exogenous demand shocks diffuse through product networks? Second, what are the magnitude, the depth and the persistence of this "spillover effect" across products, and what kinds of products are most susceptible to "catching" the demand contagion? Finally, do the structural properties of the network influence the magnitude, depth and persistence of this demand spillover?
Our research design uses quasi-natural experiments, in which we investigate exogenous demand shocks created by reviews of focal products in the network in order to study the network's influence on other products that were not mentioned in the reviews. Our identification strategy is based on a difference-in-differences extension of propensity-scorebased matching. Our empirical results show a significant average influence of the visible network on neighbors up to three links away from the reviewed book. Additionally, increases in demand can be observed as far away as the fourth and fifth neighbors. This effect decays both with distance from the source of the shock and with time. These results provide compelling evidence that exogenous demand shocks cause statistically and economically significant changes to the demand for neighboring books, and that these changes travel quite deep in the network.
While a considerable fraction of the books in the network of a reviewed book experience a statistically significant change in demand following a shock, not all books are affected. For example, among books reviewed on the Oprah Winfrey Show, we observed significant effects for 62% of the books' first neighbors and 38% of their second neighbors.
What causes these books to benefit from the spillover while others do not? Towards understanding this difference better, we analyze the variance in network neighbors' receptiveness to spillovers. We find evidence of a strong influence of both assortative mixing (similarity) and local network characteristics. Both network proximity and local clustering around a book as well as cross-product similarities (such as sharing an author with a reviewed book) strongly influence the probability of being affected by the shock. These results suggest that cross-product spillover processes across product networks are consistent with the idea of "complex contagion" (Centola and Macy 2007) and are highly moderated by assortative mixing.
The third part of our research provides evidence that while these observed diffused demand shocks are at times remarkably persistent, there is considerable variation in the persistence of these "aftershocks" across books located at similar distances from the source of a shock. Building on duration theory, we estimate an exponential hazard rate model that captures the influence of network structure and proximity on the persistence of these diffused aftershocks. We show that shock persistence differs fundamentally between close neighbors (one or two clicks away from the reviewed book) and distant neighbors (three clicks or more away). The persistence of a shock to close neighbors is highly affected by the neighbors' geodesic distance from the reviewed book (due to the significantly greater exposure of first neighbors), whereas spillover to distant network neighbors depends on the presence of multiple paths linking to them from the source of the shock (which are necessary to direct sufficient consumer attention).
While the local clustering around a neighbor positively increases the persistence of a shock, we find that local clustering around the source of the shock creates something analogous to a "fishing net", trapping consumer attention in the network neighborhood close to the reviewed book. This structure increases the persistence of the shock among close neighbors and decreases the persistence of shocks to distant neighbors.
The rest of this paper is organized as follows. Section 2 reviews the related literature.
Section 3 describes the data used for the empirical part of the paper and the operationalization of variables. The depth of the spillover effect and the associated identification issues are discussed and analyzed in section 4. Following this, section 5 explores the product-level resistance to shocks, section 6 explores the product-level persistence of the shocks (how long they last), and section 7 discusses robustness tests. We conclude, summarize key managerial insights and provide avenues for future research in section 8.
Related Work
While social networks have received much attention from researchers in a variety of fields such as business, economics, epidemiology and computer science 6 , the limited attention given to research of networks of products is perhaps surprising. Prior work on product networks includes a study of the network of videos on YouTube by Oh et al. (2008) , a study of the network of blogs by Mayzlin and Yoganarasimhan (2008) 7 , and a study of the network of news reports by Dellarocas et al. (2009) . Goldenberg et al. (2010) studied the interaction 6 A complete review of this literature is beyond the scope of this paper; for an extensive review of the study of social networks in economics the reader is referred to: Jackson (2009); Kempe (2010) ; Mayer (2009)and Newman et al. (2006) . 7 The network of blogs can also be thought of as a social network.
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between product networks and social networks in the context of YouTube. Oestreicher-Singer and Sundararajan (2008) studied the network of books on Amazon.com and quantified the incremental correlation in book sales attributable to the product network's visibility. Our work contributes to this stream of research by analyzing cross-product spillover processes following exogenous shocks.
Somewhat related to this topic is the literature on multi-product diffusion in marketing (for example, Chintagunta and Haldar 1998; Libai et al. 2008; Niraj et al. 2008) .
These studies measure correlations in sales among products or product categories; however, focus has traditionally been on a small set of similar products. For example, Niraj et al. (2008) studied the cross-category spillover between two product categories (bacon and eggs) and estimated the cross-category profit impact of promotions (see also Edwards and Allenby 2003; Manchanda et al. 1999) . To the best of our knowledge, our work is novel in examining how product networks affect multi-product spillover on a large scale.
We also add to the literature on demand shifts following expert reviews or celebrity endorsement as well as marketing campaigns. The impact of reviews on demand has been extensively studied in marketing literature in the context of traditional commerce (Boatwright et al. 2007; Reinstein and Snyder 2005 ) and e-commerce (Deschatres and Sornette 2005; Forman et al. 2008; Sorensen and Rasmussen 2004; Sornette et al. 2004 ). Specifically, Oprah
Winfrey's endorsement was shown to have a powerful economic (and political) impact (Balogh 2008; Illouz 2003; Rooney 2005) . Similarly, book reviews published in the New York Times newspaper significantly increase the sales of the reviewed books (Sorensen and Rasmussen (2004) , Deschatres and Sornette (2005) ). Our research focuses on the spillover process across products, rather than on the increase of demand for a single product across a network of individual consumers. We offer a novel analysis of the connection between product network structure and demand.
We also draw selectively from the network analysis literature, in particular from studies on the effect of exogenous shocks in networks, and apply their insights to the product network, a type of large, real-world network. The majority of studies, especially in the context of epidemiology (Mike J. Jeger (2007) ), the spread of computer viruses (Lloyd and May 2001 ) and word-of-mouth/information diffusion (Aral et al. 2009; Cointet and Roth 2007; Libai et al. 2010; Watts and Dodds 2007) , treat diffusion as an unbounded process (stochastic or deterministic). They focus on conditions (typically based on the base-rate of contagion or the global network characteristics) that may cause an event (disease outbreak, virus infection, technology innovation, product adoption, etc.) to spread across the network until the entire network is affected. However, there is also evidence from the literature (Fowler and Christakis 2010; Karrer and Newman 2010) that the influence of an actor in real-world networks is limited to a small area in the network. Though these studies were done in different domains, our current findings lend additional support to the latter approach.
Finally, from a methodological point of view, this research adds additional support to the body of literature that aims to distinguish actual spillovers from other causes of correlated outcomes between neighboring nodes in complex networks. The general identification challenge, one that most empirical research on networks deals with, is: What is the true process that drives the results we observe, and how can one separate the effect of the presence of the network from other confounding effects? The approach used in this paper adds to a recent stream of literature that tries to identify causality using "quasi-natural experiments".
We demonstrate how to identify causality and estimate treatment effects in the context of large-scale quasi-natural experiments and provide additional support for the validity and importance of this stream of research.
Data
The following section provides an overview of our data set and of the operationalization of variables we use. We combine data collected from three main sources:
(1) information about network structure and demand for books on the Amazon.com website;
(2) information about book reviews that appeared on the Oprah Winfrey show on television, and (3) information about book reviews that appeared in the "Sunday Book Review" section Network structure and demand data from Amazon.com
The data set we use includes daily product, pricing, demand and network-related information for over 700,000 books sold on Amazon.com. Each product on Amazon.com has an associated webpage, displaying a set of "co-purchase links," which are hyperlinks to products that were co-purchased most frequently with that product on Amazon.com. The copurchase set for each webpage is limited to five 8 items and is listed under the heading:
"Customers who bought this item also bought …" (See Figure 3 -1 for an illustration).
Conceptually, the co-purchase network is a directed graph in which nodes correspond to 
Exogenous shocks from the New York Times
We collected data about book reviews that appeared in the "Sunday Book Review" section of the online edition of the New York Times between January 2006 and June 2008; the dataset contains over 2,000 book reviews. Every week, NYTimes.com publishes a section ("Sunday Book Review") containing between 10 and 15 book reviews. Each book review on the "Sunday Book Review" has a dedicated webpage on the NYTimes.com website (See Figure 3 -2). The collection method and data are similar to those described above for the Oprah Winfrey reviews. 
Event networks
Each review event was linked to the corresponding temporal network and sales data from Amazon.com and went through a series of manual and automatic data cleaning procedures (See web appendix for details).
An important observation that guides this research is that even though the global structure of the network seems to be stable over time, the local structure of the network can vary significantly across different areas of the network (a summary of network statistics for the event sub-networks is provided in web appendix). We therefore explore the connection between the local area of the network and the spillover of exogenous shocks across the network.
Operationalization of variables
We developed several measures to represent the magnitude of the shock, local network structure, and link properties. The key variables are summarized in Table 3. 1. In addition, we defined several dyad (book-to-book) characteristics for links in the Amazon.com co-purchase network to reflect cross-product similarity. These characteristics include the following: category similarity, author, price, binding type (hardcover, soft cover, spiral) and vintage (difference in years between year of review and release year). An extended description of these variables is provided in appendix A; summary statistics are provided in the web appendix.
Variable Description

Shock parameters
Sales Rank (SR)
A number associated with each product on Amazon.com that measures the product's demand relative to the demand for other products. The best-selling product is therefore ranked 1, followed by 2, 3, and so on.
SalesRankRatio (SRR)
Measures the magnitude of the product's Sales Rank at time t following an event, in comparison to the pre-event average Sales Rank of the product.
SalesRankShock (SRS)
Measures the maximal short-term change in the Sales Rank of a book following the exogenous shock, and represents the peak of the sales increase relative to the pre-event average.
Affected
Binary variable that splits our sample into books that showed a significant reaction to the exogenous shock (post-event demand that is greater than one standard deviation from the pre-event average level) and those that did not.
Persistence of the Shock (PSR)
Measures how long it takes (in days) before the effect diminishes and the demand returns to within one standard deviation of its pre-event average level.
Product/Network Parameters
Distance
The number of links on the minimal path between the two books.
Network Proximity
Extends the simple distance variable by taking into consideration a weighted average of the lengths of all possible paths between a given book and the reviewed book.
Local Clustering
A measure of how close a node and its neighbors are to being a clique (Watts 2003; Watts and Strogatz 1998) . 
Identification of Cross-Product Spillovers
One initial measure of the depth of exogenous shock diffusion in the online product network is obtained by evaluating the average Sales Rank of the reviewed book and that of its neighbors in the three-day period preceding the review and comparing them to the average Sales Ranks of the same products in the three-day period immediately following the review.
We find that on average, neighbors up to three clicks away from a reviewed book experience a demand shock immediately following the event, and this shock is both economically and statistically significant. Following a review by Oprah Winfrey, we observe, on average, a 29.57-fold increase in the Sales Rank of first neighbors, a 3.65-fold increase in Sales Rank for second neighbors and a 2.07-fold increase in Sales Rank for third neighbors (see Table 5 -1 for more details). Though the effect of the network beyond third-degree neighbors is not significant on average, increases in demand can be observed as far as the fourth and fifth neighbors.
These results provide initial evidence of the role of the product network in the spillover of exogenous shocks. In order to verify that the effects truly stem from membership in the visible network, however, it is necessary to control for potential self selection biases as well as for temporal changes in the demand patterns on the website. In what follows, we estimate a difference-in-differences model using a matched-sample approach, to control for potential sources of bias.
Difference-in-differences model
The difference-in-differences model is a common statistical method used to analyze observations made across several time periods (before and after a treatment is given) both for a group that received the treatment and for a control group that did not receive the treatment (Meyer (1995) ). The presence of a control group controls for global trends and seasonal factors that might alter overall demand patterns across books in general, as well as for factors other than network membership that might account for correlations among the demand levels of the reviewed book and of other books (more on this later). In our case, "treated" products are those that are part of the local network around a reviewed book (up to 5 links away).
With the increasing use of natural experiments as a basis for econometric studies, 
Choosing the appropriate control group
We next describe our construction of a control group. A natural first candidate might include randomly selected products that are not part of the reviewed book's local network (and thus not "treated"). However, while this accounts for global changes over time, it will not control for factors other than network membership that cause linked products to have correlated demand patterns.
In our context, selection bias is introduced by two sources-selection of the product to be reviewed and selection of network neighbors to be featured on the product's page. It is natural to assume that books are not randomly selected to be reviewed, but rather, that there is some underlying process of selection (for example based on compatibility with taste of existing fans, popularity, the agenda Oprah Winfrey wishes to promote, as well as various marketing efforts exerted by publishers). It is therefore possible that the types of books Oprah
Winfrey selects all have an unobserved set of shared characteristics, and these should be controlled for. We partially control for this source of bias by using two very different independent sources of exogenous shocks (i.e., the New York Times and the Oprah Winfrey Show). We also verified that the category distributions of the books reviewed on Oprah and in the New York Times are very different. Acknowledging this limitation, we note that the extent of such an identification effect in our setting is quite likely to be minimal. The reason is that the focus here is on the effect of the treatment (e.g., the demand shock to the reviewed book) on the network neighbors and not the effect of the review on the reviewed book. Put differently, it seems quite unlikely that the producers of Oprah or the publishers of the New York Times have any influence in selecting the network neighbors of reviewed books 9 , which are instead chosen by an algorithm on Amazon.com.
The second source of selection bias is introduced by the recommendation algorithm's selection of network neighbors. We would expect that a reviewed book's network neighbors share observed and unobserved characteristics with that book, and thus are potentially more susceptible to being affected by the review (due to group affiliation), regardless of the existence of a visible hyperlink. For example, books written by the same author are more likely to experience an increase in sales following the review and are also highly likely to be network neighbors. Thus, the increase in demand for such a neighbor may be mistakenly 9 We also know from Amazon's public statements and from conversations with senior managers at Amazon that Amazon does not interfere with the structure of the network determined by the recommendation algorithm.
attributed to the presence of the visible link. Before concluding that spillover does, in fact, occur because of the network, we need to address the endogeneity caused by this source of selection bias.
More formally, the identification issue arises because the products in the network were not randomly assigned to treatment groups, denoted T (i.e. members and non-members of the reviewed book's sub-network). Possible choices for appropriate control groups that might mitigate this include books of the same category, or books written by the same author.
However, neither group captures all possible unobserved characteristics. One way the literature proposes to create a more reliable reference group is to use a matched sample based on propensity scores (Heckman et al. 1998; Rosenbaum and Rubin 1983) (2010) 10 . Thus, instead of grouping products on the basis of observed covariates (such as category or author), we compute the propensity of each book to be treated, and group the books according to propensity score.
Implementing this in our context, we created a matched sample based on a propensity score with nearest-neighbor matching (Leuven and Sianesi 2003) . We computed the propensity score using observed book characteristics (author, category, average Sales Rank, price, binding and rating). For each network neighbor ( of a reviewed book ( given event k, we assigned a matched book ( to the matched sample such that the probability of to be a network neighbor was equal (or close enough) to that of , on the basis of a specific propensity score. Ideally, one would want the matched book to be as similar as possible to the network neighbor , and in general for the distribution of all observed properties of and to be identical so that the only difference is the treatment.
Model estimation
We estimated a difference-in-differences regression model for all network neighbors up to five links away from a reviewed book and for their corresponding matched samples from the control group. The dependent variable in the model is the SalesRankRatio, which measures the change in demand relative to the pre-event average level. Since the responses of products in the sub-network related to a single review event may be correlated, we clustered 10 We note that an alternative to using a propensity score is performing "hard" matching based on all observed characteristics, the caveat being that typically it is hard to find matching candidates over the set of all observed characteristics. Nevertheless, using a propensity score (logit or probit models are most commonly used) may result in non-intuitive specific matching while preserving the global distributions over the treatment and control groups. 1.38 * Asterisks represent significance at the 10% (*), 5% (**) and 1% (***) levels for one sample paired t-test compared to the matched sample.
Table 5-1: Persistence and Shock statistics based on Sales Rank. Divided according to: (a) All books; (b) Books that were affected by the shock; and (c) Books that were not affected by the shock.
We estimate a binary Logit model to explains the variance in the effect of the shock on different books in the network (i.e. why the effect on some books is significantly stronger than the effect on others) by directly accounting for the different components, including local and global network structure and product similarities (assortative mixing). Specifically, we estimate the following binary logistic model for the probability of a book being affected by the exogenous demand shock (see Table 5 -2 for a description of the model variables). Analysis of the co-purchase global network structure and of the event local subnetwork structures shows that there are large variations in local network structure, whereas the global network structure remains stable. We therefore include the two types of structural network properties-global and local-while focusing on the local network structures. We use the indegree centrality as a global measure of centrality 11 . Our local structure measures build on the social network analysis literature, which suggests that the more relations an actor is involved in, the higher the actor's visibility; this notion has been extended to construct a large family of centrality and prestige measures. Centola and Macy (2007) studied the process of complex contagion, suggesting that multiple sources of activation are required in order to spread complex contagions. Hence, we focus on three local network structure variablesdistance, network proximity and local clustering.
Group Measure Description
LOCAL
Distance
Minimal distance from the reviewed book across the network.
NetworkProximity
Normalized assessment of how "close" the neighboring book is to the reviewed book, taking into account all possible paths between them.
LocalClustering Measures how close a book and its neighbors are to being a clique.
GLOBAL
InDegree
Indegree of the book. 
MIXING
CONTROL
AverageSalesRank
12
Average SalesRank of the book in the two weeks prior to the event. DiscountRate
The discount rate of the book on the day of the event.
Re-Run
13
Dummy variable indicating the review was featured on a rerun show.
Day of the Week
The day of the week when the review was published.
Customer Reviews Average rating and number of reviews.
Review Source Oprah ("1") or New York Times ("0"). Table 5 -2: Description of variables in the binary logistic model for the probability of being affected by the exogenous shock.
Our measures for product similarities include: sharing the same author, category, vintage, binding and price range. We also control for other drivers of shock susceptibility, including 11 We also experimented with other types of centralities such as PageRank and eigenvector centrality, and results were robust. 12 The average Sales Rank was divided by 100,000 when entered into the logistic regression for readability reasons of the coefficient. 13 Defined only for Oprah Winfrey's reviews.
the day of week, changes in price, the existence of a discount, and quality (as measured by the number of consumer reviews and average ratings).
Model estimation
We estimate the fixed effects models (day of week and review event) by maximizing the log likelihood. The results of the estimation are presented in Table 5 -3 and strongly demonstrate the importance of both assortative mixing and network structure in the spillover patterns across the network. The coefficients of the majority of operationalized assortative mixing variables (such as: author, vintage and binding) are statistically significant. For example, having the same author as the reviewed book more than doubles the odds ratio of being affected by the shock.
Both local (local clustering) and global (indegree) network properties were found to have statistically significant effects. The more clustered the network around a book, the greater the odds of the book being affected by the shock. For example, each additional edge between the first neighbors of a book results in a 1.2% increase in the odds ratio of being affected by the shock. We also find that a higher indegree is associated with lower odds of being affected by the shock, which is consistent with a positive coefficient (odds ratio > 1) on the average Sales Rank of the book. This means that books at the tail are more likely to be affected by the shock.
Network proximity to the reviewed book is also statistically significant and positively contributes to the probability of being affected by the shock. An additional 2-link path from the reviewed book to the focal book increases the odds ratio by 12.9%. Similarly, an additional 3-link path from the reviewed book results in a 2.5% increase to the odds ratio.
A more intuitive interpretation of the odds ratio is given by calculating the changes in predicted probability, by setting all other parameters to their mean values and fixing the test variable to the desired value. For example, we see that first neighbors have a substantially higher probability of being affected compared with other neighbors (11.3% more than second neighbors), which is expected, as first neighbors appear on the same page as the reviewed book (the source of the shock). Being a second neighbor (i.e. having a 2-link path from the reviewed book), in addition to being a first neighbor (which defines a triad), adds 3% to the target book's predicted probability of being affected by the shock. Similarly, being a third neighbor in addition to being a first neighbor (which creates a tetrad) adds 0.6% to the predicted probability of being affected by the shock.
Surprisingly, when network proximity is controlled for, distance from the reviewed book does not significantly affect the odds of being affected by the shock. This indicates that each path between the reviewed book and the focal book matters. These results further support our conjecture that the visible hyperlinks of the product network influence the spillover process. the marker point on the left chart, which shows that in 50% of the reviewed books the exogenous shock persisted over 18 days.
We therefore estimate the following exponential hazard rate model (model variables are similar to those used for the estimation of the binary logistic model; see Table 5 -2 for a complete list):
The results of the model estimations are presented in Table 6 -1. The estimation strategy was designed to provide robustness to the specification of variables by running several nested variations of the model (adding each of the parts one at a time: LOCAL, GLOBAL, MIXING and CONTROL). In addition, to evaluate robustness to different functional forms for the parametric distribution of the survival function, we considered a Weibull distribution (see column (e) of Table 6 -1) for the basic survival function, and a semi-parametric Coxproportional hazard rate model (see column (f)). Following the Kaplan-Meier estimations, we also repeated the estimation of the model for different neighbors, grouped by their minimal distance from the reviewed book (see Table 6 -2). Naturally, only books that were affected were included in this estimation, leaving us with 6,605 data points. Note that survival analysis models allow censored data to be incorporated into the model. In this case, censoring was incorporated in two cases: (1) books for which the shock persisted for over 60 days (4 books in total; these books were labeled as censored after 60 days); and (2) books with missing data for which the shock persisted until the last day of available data (50 books in total).
Distance and network proximity
Network proximity has a statistically significant and positive effect on shock persistence even when we control for the minimal distance from the reviewed book.
Coefficients suggest a decrease of 10% in hazard rate for each additional 2-link path from the reviewed book and a decrease of 2% for each additional 3-link path. These results suggest that the persistence of the shock is strongly influenced by the total number of paths connecting the node to the reviewed book.
Interestingly, when we break down the analysis according to distance groups (Table   6 -2), we find that for a book (node) that is close to the reviewed book (at a distance of one or two clicks), the persistence of the shock is highly influenced by the node's distance from the reviewed book. However, we find that when a book is distant from the reviewed book (at a distance of three clicks or more), the persistence of the shock is highly influenced by the node's network proximity to the reviewed book. .4 * Exponentiated coefficients (hazard rates). A value greater than 1 means that the parameter increases the hazard rate; standard errors between parentheses, adjusted for correlation among books belonging to the same review source. * Asterisks represent significance at the 10% (*), 5% (**) and 1% (***) levels. and for the full model, the results from estimating a parametric Weibull hazard rate model (e) and the semi-parametric Cox-proportional hazard rate model (f).
Local clustering and the "fishing net" effect
The analysis of the local structure of the sub-networks shows a large variation in clustering coefficients around the reviewed books. These differences significantly affect the numbers of neighbors and the structures of the sub-networks (for more details see web appendix). A large clustering coefficient of a sub-network (represented by the "Shock Local Clustering" coefficient) suggests that customers traversing the links are highly likely to encounter the same set of books (which reside inside the cluster) over and over. This repetitive feedback may play a role in determining the duration of the shock to the set of products (network neighbors) inside the cluster (close neighbors) and to the products outside the cluster (distant neighbors) 14 .
Our results show that when all network neighbors are pooled together (Table 6 -1), the degree of local clustering around the reviewed book has a statistically significant effect on persistence, with a coefficient greater than one. This means that when the local area of the network around the shock is more clustered, the shock is likely to end sooner (persist less).
Interestingly, the signs of the coefficients for close (first and second) neighbors and for distant (third, fourth and fifth) neighbors are in opposite directions (Table 6 -2). For example, an additional edge between first neighbors of a reviewed book (which increases the degree of local clustering by 1/30) results in a 5.4% reduction in the hazard rate for first neighbors, yet in a 1.1% increase in the hazard rate for third, fourth and fifth neighbors.
Such results imply the existence of a "fishing net effect": As the clustering coefficient of the sub-network composed of the reviewed book and its immediate (first) neighbors increases, the probability of triad and tetrad formation also increases. This process "traps" a greater proportion of the diffused influence closer to the reviewed book (books inside the "fishing net" enjoy a positive increase in persistence) rather than allowing it to spread further (so that books outside the fishing net suffer from a decrease in persistence). Inside this fishing net environment, a user entering the network at the reviewed book node or at one of it first neighbors has a greater chance of being re-directed to one of the books inside the net (i.e., the reviewed book and its close neighbors).
Assortative mixing
All assortative mixing variables are statistically significant, suggesting strong influence of product similarities on the persistence of the diffused shocks. The signs of the coefficients suggest that similarity has a complex influence. While consistent across model specifications, some dimensions of similarity (author, vintage and binding) reinforce the demand shock, whereas others (category and price) seem to have the opposite effect.
Having the same author clearly reduces the hazard rate and increases the persistence of the shock; this can be explained by the exposure the author receives from the review itself, which is translated into a persistent increase in sales of other books from the same author.
Belonging to the same category, however, does not seem to increase the persistence of the shock; on the contrary, distant books that belong to the same category experience a reduction in persistence, suggesting that when consumers take the time to traverse the network and search for more books, they are likely to diversify and purchase books from a different category.
Moreover, we find that for close neighbors of a reviewed book, the effect of similarity is not statistically significant. This may be related to the increase in the number of alternatives the consumer is exposed to as they explore more of the product network.
Consistent with prior literature highlighting the importance of consumer reviews (Chevalier and Mayzlin 2006; Duan et al. 2008; Forman et al. 2008; Ghose and Ipeirotis 2010) , the number of consumer reviews and ratings were found to have statistically significant effects and reduce the hazard rate, i.e., increase the persistence of the shock. -806.0 -293.3 -7449 .9 * Exponentiated coefficients (hazard rates), A value greater than 1 means that the parameter increases the hazard rate; Standard errors between parentheses, adjusted for correlation among books belonging to the same review source. * Asterisks represent significance at the 10% (*), 5% (**) and 1% (***) levels. 
Robustness
Prior literature has suggested equations to convert Sales Rank data into demand estimations (Goolsbee and Chevalier 2003; Brynjolfsson et al. (2003) ; Brynjolfsson et al. 2009 ; see web appendix for details). For robustness, we repeated the analysis presented in this paper twice -once using the demand estimations suggested in Brynjolfsson et al. (2003) rather than Sales Rank, and once using the demand estimations suggested in Brynjolfsson et al. (2009) . We did not find changes in the magnitude or signs of coefficients; all results are available upon request.
We also studied the sensitivity of our results to our definition of the variable Affected.
In section 3, we defined Affected (and corollary Persistence) as a change in Sales Rank that is greater than one standard deviation from the pre-event average. Following prior literature on extreme events (Chollete 2009) , we can generalize the definition of Affected to , which represents a maximal change in Sales Rank that is greater than standard deviations from the pre-event average level, i.e.:
0, /
In this framework, the variable Affected presented above can be viewed as 1 .
For robustness, we repeated the analysis presented in this paper replacing "Affected"
with "2 ".
In the logistic regression model, use of the variable 2-affected rather than 1-affected resulted in an increase in the effect of assortative mixing (having the same author) and pricing policy (discount rate) on the shock, while local clustering was no longer significant.
Nevertheless, network proximity was statistically significant, and the magnitude of its coefficient was high relative to the coefficients of the other variables. These results suggest the importance of the joint analysis of network structure and assortative mixing.
In the hazard rate model, estimations using 2-affected yielded higher levels of significance of both distance and network proximity. Also, the fishing net effect and the effect of local clustering seemed to become more dominant (showing both greater significance and higher magnitude of coefficients).
The full sets of results of those estimations are very similar to the results presented here and are available upon request.
Concluding Remarks
The presence of hyperlinked product recommendation networks is one of the principal differences between the online and traditional channels of commerce, and is yet surprisingly understudied. Hyperlinked product recommendation networks facilitate consumers' foraging among products, for example by directing them through pre-defined paths along virtual store aisles. A better understanding of the properties of these product networks allows us to gain insight into consumers' purchase behaviors, understand changes in patterns of demand, and influence future design and implementation of e-commerce information systems.
In this paper, we focus on the online contagion of exogenous demand shocks created by media events. The media events we consider are book reviews featured on the Oprah Winfrey television show and in the "Sunday Book Review" section of the New York Times.
We study the impact and spillover effect of these exogenous events on the demand for a "network" of related books that were not explicitly mentioned in a review but were located "close" to a reviewed book in the online co-purchase product network of Amazon.
Using a difference-in-differences matched sample approach, we identified the extent of the variations caused by the visibility of the online network (i.e., by consumers clicking on visible hyperlinks) and distinguished this effect from variation caused by hidden product complementarities. We observed a strikingly high level of spillover of exogenous shocks through such networks. Neighboring books experienced a dramatic increase in their demand levels, even though they were not actually featured in a review; this effect is indicative of the depth of contagion in online recommendation networks following exogenous shocks.
However, in comparison to prior research on spillover in networks and the potential extent of spillover (given the size of the network), this effect is limited to a relatively small area (up to three clicks away) around the source of the shock, mainly due to the local structure of these networks.
We found that product characteristics, assortative mixing and local network structure play an important role in explaining which books will be affected by the shock, as well as the relative persistence of the multiple sequential aftershocks. The local network structure and specifically the number of directed paths (which direct consumers' attention from the source of the shock) were found to affect the persistence of a shock to distant neighbors. Most interestingly, we found that clustered networks "trap" a higher fraction of the contagion closer to the reviewed book. This structure increases the persistence of the shock among close neighbors and decreases the persistence of shocks to distant neighbors.
This research provides important documentation of the magnitude and persistence of spillover of demand shocks across product networks, as well as evidence of the important role and influence of product networks in electronic commerce (specifically in the presence of exogenous shocks). Put together, our results suggest that, on average, the increase in sales of a reviewed book constitutes only 67% of the total effect of the review event. These findings have significant managerial implications, for design as well as for marketing and strategy.
From the retailer's perspective, they may carry implications as to inventory and pricing decisions preceding media events. Publishers, who sell multiple books, may use the product network structure in order to better allocate advertising budgets to maximize their total revenue. More broadly, our work may also carry implications to marketers placing ads on those product pages. After all, if a product's page is about to experience a shock in the amount of attention directed to it, ad placement and pricing should be planned accordingly. 
9.Appendix A -Detailed Description of Constructed Variables
Shock parameters
Sales Rank (SR) is a number associated with each product on Amazon.com that measures its demand relative to other products 15 . The best-selling product is therefore ranked 1, followed by 2, 3, and so on. The Sales Rank of each product on Amazon is updated several times a day, and prior research has shown that there are intra-day fluctuations; therefore, we use a 24-hour average of the Sales Rank.
Prior literature has developed measures of estimated demand levels, based on Sales Rank data (Ghose and Gu 2006; Oestreicher-Singer and Sundararajan 2008) . However, those conversion measures are inappropriate when discussing high-selling products, such as some of the books in our sample. For an extended discussion on Sales Rank conversion to demand and evaluation of robustness see web appendix.
Pre-Event Average Sales Rank ( ) -
To assess the magnitude of response to the exogenous shock we follow a common procedure in extreme event studies (Chollete 2009) and compute the pre-event average Sales Rank of all products. This is based on the assumption that every book has a stable pre-event Sales Rank, which can be estimated using the average Sales Rank in the two weeks prior to the day of the review 16 . , where i Peak SR , is the peak 15 Amazon does not disclose the actual sales information. 16 Choosing a large window is problematic since it increases the likelihood of interference from uncontrolled exogenous events. On the other hand, we would like to use the largest possible window in order to best characterize the pre-event patterns. We experimented with various window sizes; results were found to be robust with window sizes of 1 to 4 weeks. 17 We use the reciprocal of the standard ratio since a lower Sales Rank corresponds to a higher level of sales; thus a decrease in the sales rank corresponds to an increase in sales.
SalesRankRatio (SRR)
Sales Rank reached by the book in the 72-hour interval immediately following the review 18 .
SRS can therefore also be defined as 2 0 } max{
Affected is a binary variable, splitting our sample into books that showed a significant reaction to the exogenous shock and those that did not. Affected is defined as "1" if the maximal change in Sales Rank is greater than one standard deviation from the pre-event average level. We therefore first compute the pre-event mean Persistence of the Shock (PSR) measures how long it takes before the effect diminishes and the demand returns to its pre-event average level. Following event study methodology we estimate the PSR by computing the time required for the book to return to within one standard deviation of its pre-event average SalesRank. For each book which was affected by the shock (Affected i =1) we calculate the number of days until the SalesRank of the book first exceeds . For computational reasons we truncate persistence to 64 days after the date of the review (truncation was necessary for 16 out of 20,024 books in our sample); however, the estimation method we use to study persistence (i.e. Duration Models)
is able to incorporate truncated data such as these.
Book/Network parameters
Distance of a book is defined as the number of links on the minimal path extending across the network to the reviewed book. By definition, the reviewed book has a distance of 0, its first neighbors have a distance of 1, its second neighbors will have a distance of 2, and so on. In graph theoretic terminology, distance is the geodesic distance between the reviewed book and the book in the network.
Network Proximity extends the simple distance variable (which provides a limited assessment of how "close" neighboring book A is to reviewed book B) by taking into consideration all possible paths between A and B. Network Proximity addresses this by providing a normalized assessment of how much attention potentially flows (assuming communication flows through all links in an identical manner) from one book to another based on a damped summation of all paths, given by: ∑ ; where is the number of times book i is a k-neighbor of the reviewed book 19 and d=5 20 . There are two main assumptions we would like to note: (1) We ignore paths containing loops (backward edges), i.e. we assume that the conditional probability for a user to click on a link he or she already viewed (i.e. using a backward link) is 0. This assumption can be relaxed by assuming a similar probability to that of clicking a new link or some fraction of this probability 21 . (2) We assume all links are equal, while studies in the field of clicks on search engines have shown that the probability to click on a link drops sharply with rank (Agichtein et al. 2006; Granka et al. 2004 ).
Local Clustering is a measure of how close a node and its neighbors are to being a clique (Watts 2003; Watts and Strogatz 1998) and is computed as: (Bala and Goyal 1998; Granovetter 1983) led to claims that these types of networks are protected against the spread of viruses (Eguíluz and Klemm 2002) . Cointet and Roth (2007) also argued that the clustering coefficient may have greater influence on diffusion than the commonly used degree distribution.
In the context of product networks, it is interesting to study even a local spillover process (which does not spread across the entire network) since it may have substantial economic and marketing implications.
Following the above, we explore the effects of the network's level of clustering, focusing on the local clustering computed for the reviewed books and their network neighbors. We find that the average local clustering coefficient for books reviewed on the Oprah Winfrey Show is 0.5, while books reviewed by the New York Times have an average local clustering coefficient of 0.41; both are on average higher than the average clustering coefficient across the entire network (0.39). 19 Recall that each book in our network has five outgoing links, hence the choice of denominator. 20 Our preliminary study shows that the diffusion of the shock is limited to a small radius around the reviewed book; this is also consistent with recent findings by Centola (2009) ; Domingos et al. (2009); Fowler and Christakis (2009) . We also experimented with d=4 and results are robust. 21 We did not observe any significant change in results by changing this assumption.
